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Figure 1. Illustration of NeoVerse. NeoVerse reconstructs 4D Gaussian Splatting (4DGS) from monocular videos in a feed-forward
manner. These 4DGS can be rendered from novel viewpoints to provide degraded rendering conditions for generating high-quality and
spatial-temporally coherent videos.

Abstract

In this paper, we propose NeoVerse, a versatile 4D
world model that is capable of 4D reconstruction, novel-
trajectory video generation, and rich downstream applica-
tions. We first identify a common limitation of scalability
in current 4D world modeling methods, caused either by
expensive and specialized multi-view 4D data or by cum-
bersome training pre-processing. In contrast, our Neo-
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Verse is built upon a core philosophy that makes the full
pipeline scalable to diverse in-the-wild monocular videos.
Specifically, NeoVerse features pose-free feed-forward 4D
reconstruction, online monocular degradation pattern sim-
ulation, and other well-aligned techniques. These designs
empower NeoVerse with versatility and generalization to
various domains. Meanwhile, NeoVerse achieves state-of-
the-art performance in standard reconstruction and gener-
ation benchmarks.
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1. Introduction

4D world modeling holds transformative potential in many
�elds, such as digital content creation, autonomous driv-
ing, and embodied intelligence. Recent approaches have
made strides from both 3D side [10, 30, 51, 58, 73, 88] and
4D side [9, 12, 18, 25, 28, 46, 52, 62, 64, 68, 70, 87, 94]
with a principle of hybrid reconstruction and generation.
This paradigm typically involves two stages: reconstructing
a 3D/4D representation [7, 26, 36, 79, 89] of the scene, and
then, using the geometric prior to guide generation mod-
els [23, 41, 60, 65, 82]. Such a reconstruction-generation
hybrid paradigm has widely recognized promising features,
including spatiotemporal consistency and precise viewpoint
control. However, the current solutions usually have limita-
tions in terms of scalability.

The limitation of scalability manifests in two main as-
pects. (1) Limited data scalability. Some methods, such
as ViewCrafter [88], utilize videos of static scenes to cre-
ate multi-view training data and learn to generate videos
in novel trajectories. Although effective, they cannot be
extended to 4D scenes. Some other methods, such as
SynCamMaster [3], CamCloneMaster [50], and ReCam-
Master [2], depend on specialized, hard-to-capture multi-
view dynamic videos to learn novel trajectory generation.
Such non-scalable data limits the model's generalization
and versatility. (2) Limited training scalability. Another
line of work [9, 18, 28, 87] utilizes more �exible data
types but usually necessitates a cumbersome of�ine pre-
processing stage to create training data. For example, Tra-
jectoryCrafter generates training data using a heavy video
depth estimator [26] in an of�ine manner. Similarly, previ-
ous work FreeSim [18] pre-reconstructs the Gaussian �eld
to prepare training input, which utilizes of�ine reconstruc-
tion [11, 13] and may even rely on extra 3D detection meth-
ods [17, 40, 80, 86]. Such an of�ine curation usually leads
to signi�cant computational burden, storage consumption,
in�exible training scheme tuning, and even disables online
augmentations. The two kinds of limitations erect a barrier
to leveraging the cheap and diverse in-the-wild monocular
videos, constraining the potential for building more power-
ful models.

To address these challenges, we propose NeoVerse. The
core philosophy of NeoVerse is making the full pipeline
scalable to diverse in-the-wild monocular videos, enhanc-
ing generalization and versatility of 4D world models. To
implement our vision, we �rst propose a feed-forward
4DGS model, built upon VGGT [66]. This model not only
“Gaussianizes” VGGT but also features a bidirectional mo-
tion modeling mechanism, which is crucial for ef�cient
online reconstruction (Sec. 3.2) and applications requiring
time control. We then incorporate this feed-forward model
into the generation training process. During each training
iteration, it ef�ciently reconstructs 4D scenes using sparse

key frames from monocular videos in an online manner.
In addition, ef�cient online monocular degradation simu-
lations, including Gaussian culling and average geometry
�lter, are proposed to simulate degraded rendering patterns
in novel trajectories and offer conditions for generation.
Combining them together makes the whole training process
scalable to diverse in-the-wild monocular videos (up to 1M
clips) in terms of both training ef�ciency and technical fea-
sibility. We summarize our contributions as follows.
• We propose NeoVerse, a 4D world modeling approach,

which is scalable to and enhanced by diverse in-the-wild
monocular videos.

• NeoVerse is versatile, enabling many applications, in-
cluding 4D reconstruction, multiview video generation,
video editing, stabilization, super-resolution, etc.

• NeoVerse achieves state-of-the-art results in both recon-
struction and generation tasks.

• We will make the source code publicly available to de-
centralize general 4D world models by leveraging cheap
and diverse in-the-wild monocular videos.

2. Related Works

Feed-forward Gaussian reconstruction. Recent stereo
and 3D geometry foundation models [32, 35, 42, 43, 48,
66, 71, 74, 78, 83, 89] can estimate dense depth, point
maps, and even camera parameters in a single forward
pass, thereby driving a shift in Gaussian Splatting from
per-scene optimization to generalizable feed-forward recon-
struction. For static scenes, pose-free models such as No-
PoSplat [83] reconstruct 3D Gaussians directly from sparse,
unposed multi-view images, and AnySplat [32] further ex-
tends this paradigm to casually captured, long uncalibrated
image sequences. For dynamic scenes, 4DGT [78], Stream-
Splat [74], and MoVieS [42] push feed-forward GS into
4D; however, each method still retains speci�c constraints:
4DGT is trained on posed monocular videos and adopts a
largely uni-directional temporal modeling strategy, MoVieS
similarly assumes known camera poses during training and
inference, while StreamSplat focuses on frame-by-frame
modeling.

Reconstruction-based video generation. Recent meth-
ods such as GEN3C [58], DaS [22], See3D [51],
ViewCrafter [88], Di�x3D+ [73], GS-DiT [5], Voy-
ager [30], Uni3C [9], FreeSim [18], TrajectoryCrafter [87],
See4D [49], PostCam [12], Light-X [45] follow a hybrid
reconstruction+generation paradigm, where a 3D/4D rep-
resentation is �rst reconstructed and then used as geomet-
ric guidance for a generative video model. GEN3C [58]
builds a depth-based 3D feature cache whose renderings
condition a video diffusion model for 3D-consistent, pose-
controllable synthesis; ViewCrafter [88] adopts a point-
conditioned video diffusion framework to extend single-
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or sparse-view inputs into long-range, high-�delity novel-
view sequences; Di�x3D+ [73] applies a single-step dif-
fusion enhancer to rendered novel views to correct arti-
facts in underconstrained regions and distill the improve-
ments back into NeRF/3DGS representations; and Trajec-
toryCrafter [87] formulates camera-controllable video gen-
eration for monocular videos as trajectory redirection, con-
ditioning a dual-stream diffusion backbone on point-cloud
renderings and source frames to follow user-speci�ed cam-
era paths. Despite their strong spatial–temporal consis-
tency and viewpoint controllability, these reconstruction-
based approaches are mostly tailored to static or quasi-static
scenes and rely on curated data or heavyweight of�ine re-
construction, limiting scalability to in-the-wild monocular
videos.

3. Methodology

This section is organized as follows. In Sec. 3.1, we �rst
propose an ef�cient pose-free feed-forward 4DGS recon-
struction model, which reconstructs 4DGS from monocu-
lar videos. In Sec. 3.2, we introduce how to combine re-
construction part and generation and make the full pipeline
scalable. Sec. 3.3 contains the training scheme and Sec. 3.4
elaborates on inference strategies.

3.1. Pose­Free Feed­Forward 4DGS Reconstruction

Our feed-forward model is partially built upon VGGT [66]
backbone. For simplicity, we mainly introduce how we
make VGGT dynamic and “Gaussianized”.

Bidirectional motion modeling. Given a monocular
video fI t 2 RH�W �3 gT

t=1 , VGGT extracts the frame-wise
features using the pretrained DINOv2 [54]. These features,
concatenated with camera tokens and register tokens, are
fed into a series of Alternating-Attention blocks [66], ob-
taining so-called frame features. While this process effec-
tively aggregates spatial information, they are insuf�cient
for motion modeling due to temporal unawareness.

We introduce a bidirectional motion-encoding branch.
Different from uni-directional motion in 4DGT [78], the
bidirectional prediction distinguishes the instantaneous ve-
locity between t ! t + 1 and t ! t � 1. Such a dis-
tinction facilitates temporal Gaussian interpolation between
two consecutive timestamps.

Speci�cally, for the frame features fFt gT
t=1 , we copy

and slice them into two parts along the temporal dimension:
fF t gT �1

t=1 and fF t gT
t=2 . Then we obtain forward motion

features using the �rst part as queries and the second part as
keys and values. Similarly, the backward motion features
are encoded conversely. Formally, we have

fF fwd
t gT �1

t=1 = CrossAttn(q = fF t gT �1
t=1 ; k; v = fF t gT

t=2 );

fF bwd
t gT

t=2 = CrossAttn(q = fF t gT
t=2 ; k; v = fF t gT �1

t=1 );
(1)

where Ffwd
t and Fbwd

t are forward motion features from
timestamp t to t + 1, and backward motion features from
t to t � 1. These features will be utilized to predict bidirec-
tional linear and angular velocity of Gaussian primitives.

Gaussianizing VGGT. We �rst de�ne 4D Gaussians as

f(� i ; � i ; r i ; si ; sh i ; � i ; v+
i ; v �

i ; ! +
i ; ! �

i )gT �H�W
i=1 ; (2)

where each Gaussian i is parameterized by: 3D position �i ,
opacity � i , rotation ri , scale si , and spherical harmonics
coef�cients shi , as inherited from 3D Gaussians [36]. For
bidirectional motion modeling, we introduce forward and
backward velocities v+i , v �

i , and forward and backward an-
gular velocities !+i , ! �

i . In addition, we adopt a life span
� i following the common practice in 4DGS.

The 3D positions f� i g is obtained by back-
projecting pixel depth to 3D space using predicted
depth and camera parameters. For the other attributes,
f(� i ; � i ; r i ; si ; sh i ; � i g are predicted from the frame
features, while the dynamic attributes fv+

i ; v �
i ; ! +

i ; ! �
i g

are predicted from the bidirectional motion features.

3.2. Reconstruction­Guided Video Generation

In this subsection, we introduce how to combine the recon-
struction and generation in a scalable training pipeline.

Ef�cient on-the-�y reconstruction from sparse key
frames. Although the proposed feed-forward 4DGS re-
construction is ef�cient, it can still be the bottleneck of
training ef�ciency if we conduct on-the-�y reconstruction
with long video input. To boost the training ef�ciency, we
propose reconstruction from sparse key frames.

Given a long video input with N frames, we only take K
key frames as reconstruction input but render from all the
N frames since the rendering process is extremely ef�cient
compared with network computation. However, such an
operation requires interpolating the Gaussian �eld at non-
keyframes. Thanks to our bidirectional motion modeling,
such interpolation can be implemented as follows.

Given a non-key-frame query timestamp tq, we transfer a
nearest key-frame Gaussian i at timestamp t to tq following

� i (t q) =

(
� i + v +

i jt q � tj; t q � t;
� i + v �

i jt q � tj; t q < t;
(3)

r i (t q) =

(
r i � �(! +

i jt q � tj); t q � t;
r i � �(! �

i jt q � tj); t q < t;
(4)

� i (t q) = � i exp(�
 � d(t q; t)
1

1�� i ); (5)

where we assume the real-world motion in a short interval
between two adjacent input frames is approximately linear.

3



Figure 2. Framework of NeoVerse. In the reconstruction part, we propose a pose-free feed-forward 4DGS reconstruction model (Sec. 3.1)
with bidirectional motion modeling. The degraded renderings in novel viewpoints from 4DGS are input to the generation model as
conditions. During training, the degraded rendering conditions are simulated from monocular videos (Sec. 3.2), and the original videos
themselves serve as targets.

Figure 3. Training pairs with degradation simulation.

Angular velocities !�i are represented in the axis-angle rep-
resentation, and �(�) converts it to a quaternion. The opac-
ity of the Gaussian is represented by a time-varying func-
tion to ensure a natural transition between input frames.
To handle non-uniform keyframe intervals, we model opac-
ity decay with a normalized temporal distance d(tq; t) =

jt q �tj
jT k+1 �T k j � 1, where [T k ; Tk+1 ] is the keyframe inter-
val containing query timestamp tq. The life span �i is
constrained in the range of (0; 1) with a sigmoid function,
and 
 is a hyper-parameter that controls the decay speed.
When � i approaches 1, the exp(�) tends towards 1, indicat-
ing � i (t q) � � i ; otherwise, � i (t q) decays rapidly.

Monocular degradation simulation. Our generation
model is expected to generate high-quality novel views
from low-quality novel view renderings, necessitating such
training pairs. For multi-view or static datasets [44, 85], we
can easily get such training pairs as in ViewCrafter [88].
However, for in-the-wild monocular videos, we need

to carefully simulate degradation renderings paired with
ground-truth monocular frames. Therefore, we propose
three techniques to simulate the degradation rendering pat-
terns based on monocular videos.

(1) Visibility-based Gaussian Culling for occlusion sim-
ulation. Given the camera pose trajectory predicted from
the sparse key frames, we apply a random transform to
the trajectory to obtain a novel trajectory. A constraint
is applied to this transform to ensure new camera poses
still roughly point to the scene center. Using depth, we
can easily identify those Gaussians that are occluded from
the transformed new camera poses. We then simply cull
those invisible Gaussian primitives and render the remain-
ing Gaussian primitives back into the original viewpoints,
resulting degradation pattern demonstrated in Fig. 3 (a).

(2) Average Geometry Filter for �ying-edge-pixel and
distortion simulation. In addition to the occlusion, another
typical degradation pattern is the �ying pixels in depth-
discontinuous edges. The network has tendency to produce
average depth value at those edges to minimize regression
loss, as also con�rmed by [76]. From a �rst-principles per-
spective, we propose to use a average �lter to create such
averaged depth patterns. Speci�cally, we render depth in
the transformed novel trajectory and apply an average �lter
in the rendered depth map. We then adjust the center posi-
tion of each Gaussian according to the average �ltered depth
value. When such modi�ed Gaussians are rendered back
into the original views, the �ying-pixel pattern appears as
shown in Fig. 3 (b). We can further apply a larger �lter ker-
nel to simulate spatially broader distortions shown in Fig. 3

4



(c), caused by potential depth error.
All three kinds of degradations in Fig. 3 are simulated

with fundamental principles in geometry relation and depth
learning, and designed to be simple yet effective, enabling
the utilization of in-the-wild monocular videos.

Degraded rendering conditioning. We use the obtained
degraded renderings as conditions for generation and the
original videos as targets. The rendered conditions include
multiple modalities, including RGB images, depth maps,
and masks binarized from opacity maps to indicate the
empty regions. Plüker embeddings of the original trajectory
are also computed to provide explicit 3D camera motion in-
formation [9]. We introduce a control branch to incorporate
them into the generation model like [30, 33, 81, 90]. During
training, we only train the control branch while freezing the
video generation model, not only for training ef�ciency, but
more importantly, to make NeoVerse accessible to powerful
distillation LoRAs [24] to speed up the generation process.

3.3. Training Scheme

We partition the training into two stages: 1) reconstruction
model training; 2) generation model training with on-the-�y
reconstruction and degradation simulation.

Reconstruction. We train our feed-forward 4DGS recon-
struction model with a multi-task loss on various static and
dynamic 3D datasets:

L recon = L rgb+� 1L camera+� 2L depth+� 3L motion+� 4L regular;
(6)

where Lrgb is the photometric loss between rendered and
ground-truth images, including an L2 loss and LPIPS [91]
loss. The camera loss Lcameraand depth loss Ldepth super-
vise the predicted camera parameters and depth maps fol-
lowing VGGT [66]. Notably, Ldepthalso contains the super-
vision for rendered depth from Gaussians. The motion loss
L motion =

P
i kv̂+

i �v +
i k+k v̂ �

i �v �
i k adds supervision on

the predicted bidirectional velocities, wherev̂+
i andv̂ �

i are
the ground-truth forward and backward velocities computed
from some dynamic 3D datasets [8, 21, 34, 53, 63, 93]. To
prevent the Gaussians from becoming erroneously transpar-
ent, we introduce a regularization loss Lregular =

P
i j1 �

A i j, where Ai is rendered accumulated opacity map.

Generation. For generation model training, we adopt
Recti�ed Flow [16] and Wan-T2V [65] 14B to model the
denoising diffusion process. The whole training process
is performed on monocular videos. Given a monocular
video, we �rst utilize on-the-�y reconstruction from sparse
key frames to obtain 4DGS and simulate degradation ren-
derings as conditions crender. For the video latent x1 and

sampled noise x0 � N (0; I), the training objective of gen-
eration model f� is formulated as

L gen = E x 1 ;x 0 ;c render;c text;t kf � (x t ; t; crender; ctext) � v t k2
2; (7)

where xt is a linear interpolation between x1 and x0 at
timestamp t, vt = x 1 � x 0 is ground-truth velocity. ctext

is the text condition extracted from the video caption using
a language model like umT5 [14]. Renderings crender are
input into the generation model through a control branch
like [33, 90].

3.4. Inference

Reconstruction and global motion tracking. Given a
monocular video, our feed-forward model outputs 4DGS
and camera parameters of each frame. Before rendering
conditions from a novel trajectory, we can optionally ag-
gregate Gaussians from multiple timestamps into a single
timestamp for a more complete representation. For better
aggregation, we conduct motion separation by global mo-
tion tracking.

The motivation of global motion tracking is to identify
those objects undergoing both static and dynamic phases
in a clip, which should be regarded as the dynamic part
and cannot be easily identi�ed using predicted instanta-
neous velocity. Taking a Gaussian primitive i as exam-
ple, given world-to-camera poses fPt gT

t=1 , camera intrin-
sics fK t gT

t=1 , and Gaussian position �i for Gaussian i, we
project the Gaussian center to each frame t and compute its
projected pixel coordinates pi;t and depth di;t . Let Dt [pi;t ]
and Vt [pi;t ] are the sampled depth and velocity at pixel pi;t .
We de�ne a visibility-weighted maximum velocity magni-
tude at the global video level as

m i;t = maxfkV +
t [pi;t ]k2; kV �

t [pi;t ]k2g;

m i = max
t=1;:::;T

1(d i;t � D t [pi;t ]) � m i;t ; (8)

where mi;t is the maximum velocity magnitude at frame t,
1(�) is a function indicating whether the Gaussian is visible,
and mi is the visibility-weighted maximum velocity mag-
nitude across all frames. Finally, we separate the Gaussians
into static set S and dynamic set D according to mi with a
threshold �.

Temporal aggregation, interpolation, and generation.
With a separated dynamic part and a static part, we conduct
two different Gaussian temporal aggregation strategies for
each part, respectively. The static part is simply aggregated
across all frames, while the dynamic part is aggregated only
from a couple of nearby frames to avoid motion drifting er-
rors.

In some cases, we may need to interpolate Gaussians
into an intermediate timestamp between two adjacent dis-
crete frames. A typical case is creating slow-motion videos
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and bullet-time shots. Our bidirectional motion mechanism
suf�ciently supports such tasks happening in a short time
interval. In practice, we use similar techniques in Sec. 3.2
for interpolation.

After the optional aggregation and interpolation, we ren-
der the resulting Gaussians into any desired novel trajectory.
The renderings, along with other conditions, are sent to the
generation model to generate videos.

4. Experiments

4.1. Implementation

For reconstruction, we follow the learning rate schedule of
VGGT [66]. We resize all input videos to have a longest
edge of 560 pixels. GSplat [84] is adopted as the Gaussian
Splatting rendering backend. For the generation, the video
resolution is �xed at 336 � 560 and the length is set to 81
frames. The training is conducted on 32 A800 GPUs, where
the �rst stage trains 150K iterations and the second stage
trains 50K iterations. More training details can be found in
the supplementary material.

Datasets. We collect 18 public datasets following
CUT3R [69], including Arkitscenes [4], DL3DV [44],
PointOdyssey [93], Kubric [21], Waymo [63], Spa-
tialVID [67], GFIE [27], etc. Besides the above datasets, we
further curate a large-scale self-collected monocular video
dataset from the internet, containing over 1M videos from
diverse scenarios. More details about datasets are provided
in the supplementary material.

4.2. Quantitative Evaluation

Reconstruction benchmark. Our reconstruction results
on both static and dynamic datasets are shown in Table 1
and Table 2, respectively. Our reconstruction part achieves
state-of-the-art performance among all metrics. Recent
reprints MoVieS [42] and StreamSplat [74] are not listed
in the table because they are neither open-sourced nor pro-
vide a detailed evaluation protocol. Our detailed evaluation
protocols are provided in the supplementary material.

Method
VRNeRF [77] (16 views) Scannet++ [85] (32 views)

PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS#

NoPoSplat [83] 11.27 0.408 0.620 8.69 0.312 0.614
Flare [92] 12.62 0.597 0.623 12.19 0.619 0.611

AnySplat [32] 18.02 0.705 0.366 22.79 0.773 0.217
Ours 20.73 0.766 0.352 25.34 0.834 0.195

Table 1. Quantitative comparison with other static reconstruction
models.

Generation benchmark. In Table 3, we compare
the generation performance with related work Trajecto-
ryCrafter [87] and ReCamMaster [2], demonstrating better

Method
ADT [55] DyCheck [20]

PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS#

MonST3R [89] 17.42 0.554 0.534 9.32 0.103 0.710
4DGTy [78] 30.09 0.909 0.178 9.94 0.208 0.639

Ours 32.56 0.927 0.120 11.56 0.293 0.558

Table 2. Quantitative comparison with other dynamic reconstruc-
tion models.y : indicate the method takes camera poses as input.

performance. We conduct more analysis in the section of
qualitative evaluation.

Runtime evaluation. Table 3 also shows the ef�ciency
evaluation of both the reconstruction stage and the genera-
tion stage. Thanks to our intentional design of condition in-
jection in Sec. 3.2, our generation process gets signi�cantly
accelerated by the off-the-shelf distillation technique [15].
More importantly, as discussed in Sec. 3.2, our bidirectional
motion design enables more ef�cient reconstruction from
sparse key frames without loss of generation performance.

4.3. Qualitative Evaluation and Analysis

For an intuitive understanding, we conduct rich qualitative
evaluations and analysis, leading to the following �ndings.

Rendering quality. Fig. 5 and Fig. 6 demonstrate the ren-
dering quality comparison. Our model not only achieves
better visual quality but is also more faithful to input obser-
vations. Instead, other methods may predict unreal artifacts
such as regions indicated by yellow boxes in Fig. 5.

Pose prediction accuracy. It is noteworthy that our
model also has better pose prediction accuracy. In Fig. 5,
the compared method [32] shows a �eld of view (images
with red boundaries) inconsistent with the ground truth,
which is caused by inaccurate pose prediction.

Trajectory controlability vs. generation quality. An
intriguing and fundamental phenomenon we can �nd in
Fig. 4 is that related work usually demonstrates a trade-off
between generation quality and trajectory controllability.
Speci�cally, TrajectoryCrater, a reconstruction-generation
hybrid method similar to our NeoVerse , shows good trajec-
tory controllability and exhibits consistent trajectories with
our method, while its generation quality is inferior. This
is mainly caused by its non-scalable training pipeline, stop-
ping the model from seeing diverse in-the-wild videos, such
as very challenging human activities in Fig. 4.

In contrast, the purely generation-based method ReCam-
Master shows good visual generation quality, but cannot
achieve precise trajectory control, which is crucial in some
downstream tasks such as simulation.

Artifact suppression. Another reason for our superior-
ity over the similar reconstruction-based TrajectoryCrafter
is that our degradation simulations (Fig. 3) enable artifact
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Figure 4. Generation with large camera motions on challenging in-the-wild videos. We compare our method against other related work
on “Pan left” (left) and “Move right” (right) cases. Our NeoVerse achieves better generation quality while maintaining precise camera
controllability. Yellow boxes highlight artifacts.

Method Frames
Inference Time (s)

Subj. Consist. Back. Consist. Temp. Flick. Motion Smooth. Aesth. Quality Imag. Quality
Recon. Gen. Total

TrajectoryCrafter [87] 49 25 121 146 83.02 88.58 94.71 97.64 44.63 54.59
ReCamMaster [2] 81 - 168 168 88.21 91.60 96.56 98.86 44.29 58.87

Ours (11 key frames) 81 2 18 20 88.43 92.27 96.77 98.80 44.55 59.75
Ours (21 key frames) 81 3 18 21 88.73 92.43 96.76 98.71 44.59 60.01
Ours (41 key frames) 81 5 18 23 89.10 92.65 96.67 98.63 44.89 60.37
Ours (full frames) 81 10 18 28 89.42 92.79 96.51 98.67 44.78 61.51

Table 3. VBench [31] results for novel view generation. We randomly collect 100 unseen in-the-wild videos, each with 4 different camera
trajectories, resulting in a total of 400 test cases. For a fair comparison of inference time, we resize all videos to 336 � 560 resolution and
report the average results over all test cases. The runtime evaluation is conducted on an A800 GPU.

suppression. In contrast, the generation quality of Trajecto-
ryCrafter is signi�cantly decreased by “ghosting patterns”
from inaccurate reconstruction.

Contextually grounded imagination. Fig. 4 also demon-
strates that our NeoVerse can conduct contextually
grounded imagination for non-observed regions, such as the
second singer and crowded people. We give credit to our
design scalability to diverse in-the-wild videos.

4.4. Ablation Study

Method PSNR" SSIM" LPIPS#

w/o Regularization 10.86 0.244 0.576
w/o Bidirectional Motion 11.27 0.285 0.570
Reconstruction part 11.56 0.293 0.558
w/ Generation 14.59 0.323 0.501

Table 4. Ablation experiments on DyCheck. “w/. Generation”
indicates our full pipeline, which gains signi�cant performance
improvements over the pure reconstruction part.

Motion modeling. In Table 4, we remove the motion
modeling mechanism by skipping Eq. (1) and predicting
motions directly from frame features. The performance
drop reveals the effectiveness of our modeling mechanism.

Opacity regularization. In Sec. 3.3, we introduce opac-
ity regularization to avoid the model learning a shortcut,
which is outputting transparent primitives for the regions
in similar colors to the prede�ned background color. This
technique is proven effective in Table 4.

Global motion tracking. Fig. 7 showcases the impor-
tance of global motion tracking when identifying the dy-
namic instances. Without the global tracking, some dy-
namic objects are mistakenly identi�ed as static due to a
partial static state.

4.5. Applications

A superiority of NeoVerse is the support for rich down-
stream applications other than the novel trajectory video
generation. Due to the limited space, here we brie�y in-
troduce several typical applications, leaving more details in
the supplementary materials.
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Figure 5. Qualitative comparison with state-of-the-art methods in
static scenes. Red boundaries indicate inconsistent renderings due
to inaccurate pose prediction. Yellow boxes indicate artifacts.

Figure 6. Qualitative comparison with state-of-the-art methods in
dynamic scenes. Yellow boxes indicate artifacts. Note that the
black regions in our prediction are not error but mainly caused by
partial observations of input frames.

3D tracking. By associating nearest Gaussian primitives
between consecutive frames using predicted 3D �ow, our
NeoVerse achieves 3D tracking shown in Fig. 8.

Video editing. Since our model has a binary mask condi-
tion and a textual condition, it can edit videos with the help
of a video segmentation model [57], demonstrated in Fig. 9.

Video stabilization. By smoothing the predicted camera
trajectory, our model achieves effective video stabilization,
as demonstrated in the teaser Fig. 1.

Video super-resolution The Gaussian representation in
NeoVerse supports �exible rendering resolution without the
signi�cant loss of appearance information. Thus, NeoVerse
can achieve video super-resolution by generation with a
larger rendering resolution, also demonstrated in Fig. 1.

Others. Moreover, NeoVerse is also capable of other ap-
plications such as background extraction (Fig. 7), image to
world (Fig. 1). We leave more demonstrations in the sup-
plementary materials.

Figure 7. Visualization about global motion tracking and ag-
gregation. (a) Input video. (b) Aggregated static Gaussians sepa-
rated by predicted velocities. (c) Aggregated static Gaussians sep-
arated with global motion tracking.

Figure 8. Visualization of 3D tracking. For better visualization,
we only show the Gaussian centers.

Figure 9. Video editing. Left: The white car is edited to be red.
Right: The mirror teapot is edited to be transparent.

5. Conclusion and Limitations

In this paper, we introduce NeoVerse, a 4D world model
that overcomes key scalability limitations in previous arts,
building a training pipeline scalable to in-the-wild monocu-
lar videos. Thus, the generalization and versatility of Neo-
Verse are signi�cantly enhanced by the diverse in-the-wild
data, enabling various downstream applications. Exten-
sive experiments demonstrate state-of-the-art performance
in both reconstruction and generation tasks.

Limitations. NeoVerse requires data with correct under-
lying 3D information. Therefore, it cannot be trivially ap-
plied to data without 3D information like 2D cartoons. Due
to the constraints of training resources, our curated dataset
(1M clips) is not that large. We leave more data for future
work.
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